Sizeable gender differences in employment rates are observed in many countries. Sample selection into the workforce might therefore be a relevant issue when estimating gender wage gaps. This paper proposes a new semi-parametric estimator of densities in the presence of covariates which incorporates sample selection. We describe a simulation algorithm to implement counterfactual comparisons of densities. The proposed methodology is used to investigate the gender wage gap in Italy. It is found that when sample selection is taken into account gender wage gap widens, especially at the bottom of the wage distribution. Explanations are offered for this empirical finding.
Introduction
The literature on wage gap has highlighted significant gender differences in most industrialized nations. 1 This topic has been extensively studied with the aim of understanding whether the gender pay gap is explained by gender differences in the distribution of personal characteristics or due to a discriminatory remuneration of apparently identical characteristics. This is a relevant issue from the policy perspective and different implications are drawn if the source of the gender pay gap is found to be either the former or the latter.
Earlier work -see Altonji and Blank (1999) for a survey -focused on decomposing the gender pay gap at the mean of the wage distribution in a part due to differences in characteristics and in a part due to differences in the returns to those characteristics by using the procedure developed by Blinder (1973) and Oaxaca (1973) . Later, the attention has shifted to the investigation of the degree to which gender pay gaps might vary across the wage distribution. Bonjour and Gerfin (2001 ) used 1991 -1995 data for Switzerland and the hazard function (HF) approach suggested by Donald et al. (2000) to estimate distributions in the presence of covariates. They found that the gender wage gap is not constant throughout the wage distribution but it is larger at the bottom, even after controlling for gender differences in labour market characteristics. Albrecht et al. (2003) , using the quantile regression (QR) decomposition developed by Machado and Mata (2005) , showed that in 1998 the Swedish gender wage gap is instead larger at the top of the pay distribution. Arulampalam et al. (2007) investigated this issue further for eleven European countries. They used harmonized data from the European Community Household Panel (ECHP) for the period 1995-2001. They found that in ten of the eleven countries there is "glass ceiling", i.e. larger gender pay gap at the top of the distribution, and there is evidence of "sticky floor", i.e. larger gender pay gap at the bottom of the distribution, only in Italy and Spain.
2 On the basis of the cross-country comparison of the results, they speculate as to why glass ceilings and sticky floors emerge, suggesting that differences in childcare provision and wage setting institutions are potential determinants.
Different lines of reasoning have been provided to explain why the gender wage gap exists and why it widens at the bottom and/or at the top of the wage distribution, even when the distribution of observed characteristics are the same across gender. It has been argued that women might be perceived to have or might have a smaller work force attachment (Booth and Francesconi, 2003) , especially those at the bottom of the wage distribution. Hence, trade unions could be less likely to represent or could differentially represent the interests of female workers (Booth, 2009 ) and the anticipation of a more intermittent career might affect investments in human capital (Manning and Swaffield, 2008) . Alternatively, women at the bottom might have a smaller bargaining power or be more subject to firms' market power than comparable men, as a result of social norms and family commitments whereby the man's career takes the precedence (Arulampalam et al., 2007) . Bjerk (2008) theoretically clarifies instead the reason why we should expect gender inequality of opportunity with respect to hiring and promotion to the top jobs and, hence, glass ceilings. He shows that if women have a more intermittent career, they will have fewer opportunities to signal their skills and they will need more time to accumulate the number of positive signals required for promotion to the top jobs. 3 Most of these explanations for the presence of the gender wage gap and its heterogeneity over the wage distribution hinge on gender differences in the work force attachment and, thereby, in the propensity to participate to the labour market. A sizeable gender gap in employment rates is observed in many countries and, therefore, sample selection into the workforce might be a relevant issue to assess gender wage gaps. Suppose, for instance, that those women that stay out of employment are those who would have got the lowest returns from work and that, in case of participation, these lower returns would have been different across the wage distribution. If so, we would underestimate and misrepresent the gender wage gap compared to the case in which men and women would have the same propensity to be at work. Moreover, as pointed out by Olivetti and Petrongolo (2008) and Albrecht et al. (2009) , selection correction is fundamental for meaningful international comparisons of the gender wage gap, especially if gender gaps in employment rates are very different across countries.
Given that sample selection might be an important issue in this framework, it is surprising that, apart from Albrecht et al. (2009) who adjusted the gender wage gap for the selectivity into full-time work, there are no studies that correct the gender gap across the wage distribution for the selection due to work force participation. In the literature there is also lack of studies based on recent data (e.g. Arulampalam et al. (2007) used the ECHP survey which took place at the end of the 90s). In this paper we try to fill these gaps, from both the methodological and the empirical points of view. With regard to the former, we propose a new flexible estimator of distribution functions in the presence of covariates and sample selection. We describe a simulation algorithm to decompose the gender pay gap across the wage distribution into the effect due to different distributions of characteristics and to different returns to those characteristics. Empirically, the proposed approach is illustrated by investigating the recent gender wage gap in Italy, a country where the employment 3 Other reasons for the glass ceilings can be found in the institutional setting. Albrecht et al. (2003) justify the glass ceiling phenomenon in Sweden on the basis of the parental leave and the daycare system which are likely to provide incentives to be in the work force but to discourage strong career commitment. Sociological and psychological factors might also favour men over women, in particular at the top of the wage distribution. Women might be less willing to bargain over offered wages, since more grateful for the job offer. Because of stereotypes, women might not be seen as potential leaders and, when they are, they might be evaluated less favourably. Women might be less risk adverse, less inclined to competition, and give priority to other job features over the wage. See Booth (2009) for a detailed discussion on the relationship between psychological and sociological factors and the gender pay gap and glass ceiling phenomena.
2 rate between men and women differs substantially. 4 How does our approach compare with the methodological literature on gender pay gap? First, we develop a procedure that extends and generalizes the Oaxaca-Blinder decomposition of effects on mean wages to the entire wage distribution in the presence of sample selection. Second, our approach is very much in the spirit of Albrecht et al. (2009) , who adapted the Machado-Mata (MM) procedure to take advantage of the Buchinsky (1998) selection correction method for QR. 5 However, in this paper, we operate within the HF framework proposed by Donald et al. (2000) . We benefit therefore of a flexible method for density estimation in the presence of covariates that, differently from QR, avoids the potential inconsistency of predicting lower quantiles larger than higher quantiles for a given covariate vector. Lastly, we improve upon the HF approaches of Donald et al. (2000) and Bonjour and Gerfin (2001) 6 in that we correct for sample selection. This paper is organized as follows. Section 2 discusses the econometric approach used to estimate distributions in the presence of covariates and sample selection and presents the simulation algorithms to recover marginal and counterfactual distributions. Section 3 illustrates our approach by analysing the gender pay gap in Italy on the basis of the European Union Statistics on Income and Living Conditions (EU-SILC) panel data. Section 4 concludes.
Modelling Wage Distributions in the Presence of Covariates and Sample Selection
The econometric analysis is designed keeping in mind that we desire an estimation strategy that i) is flexible in the way covariates affect the shape of the wage density function; ii) is flexible in the way sample selection is controlled for; iii) is tractable and allows to test for sample selection when estimating wage densities; iv) returns, for any set of individual characteristics, estimated probabilities in the interval [0, 1] and a wage density function that integrates to one. Different non/semi-parametric estimators have been proposed to model wage distributions in the presence of covariates. Firstly, DiNardo et al. (1996) adapted kernel density estimator to the case in which sample weights are attached to each observation. Coun-terfactual densities are estimated by "re-weighting" functions, which depend on different covariates distribution between populations. Fortin and Lemieux (1998) divided the wage support in small intervals and estimated the probability of being in each wage interval using an ordered response (probit) model. Once the model is estimated, counterfactual distributions can be predicted by playing with covariates and/or estimated coefficients of the ordered response model. Donald et al. (2000) and Bonjour and Gerfin (2001) considered wage distributions as if they were duration distributions and applied HF based estimation techniques. Since there is a one-to-one relationship between hazard and density functions, this approach consists in specifying and estimating a flexible wage hazard function, so as to recover the corresponding conditional wage distribution from the estimated parameters.
7 Finally, the most common method to estimate distributions in the presence of covariates, is QR (e.g. Buchinsky, 1994 Buchinsky, , 1998 followed by Machado and Mata's (2005) simulation algorithm to carry out counterfactual comparisons of densities.
The approach used here for modelling wage distributions in the presence of covariates and sample selection is built on Donald et al. (2000) and Bonjour and Gerfin (2001) . Differently from them, we propose a semi-parametric method to correct the wage distribution estimates for endogenous selection process into the work force. Hence, this paper is related to the previous literature by extending Donald et al. (2000) and Bonjour and Gerfin (2001) to control for sample selection, along the same lines as Albrecht et al. (2009) adapted the Machado and Mata (2005) decomposition to account for selection into full-time employment.
In Subsection 2.1 the concept of wage hazard function is introduced. Subsection 2.2 focuses on specification issues and deals with the derivation of the likelihood function. Finally, Subsection 2.3 clarifies how counterfactual densities are derived once we have an estimate of the wage density in the presence of covariates and sample selection.
Hazard Function Based Approach
Consider a panel data setting where t is the time indicator, with t = 1, 2, . . . , T . 8 We assume that all individual differences in the wage distribution can be characterized by observed characteristics x t and an individual fixed-effect v. For covariate x t and individual heterogeneity v there is a positive random variable W t with associated probability and cumulative density functions f (w t |x t , v) and F (w t |x t , v). The hazard function is defined as
7 The duration literature interpretation of the hazard function does not apply in this context. The interest relies rather in the impact of individual characteristics on hazard functions and, thereby, on density functions. 8 We suppress the individual indicator for the sake of clarity.
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where S(w t |x t , v) is the survivor function, i.e. the probability of being paid at least a wage w t . We specify the hazard function as
where h t is the structural wage hazard function at time t. We impose now the following regularity conditions on h t and v:
h t (s|x t )ds < ∞ is non-negative, differentiable, and strictly increasing, ∀t = 1, 2, . . . , T ; A2 v is non-negative with distribution function G.
Under assumptions A1 and A2, Honoré (1993, Theorem 1) shows that, from panel data, the unobserved heterogeneity distribution G and the structural hazard functions h t , ∀t = 1, 2, . . . , T , are non-parametrically identified. We stress here the importance of non-parametric model identification. If the model is not identified without arbitrary parametric assumptions, parametric specification would play a crucial role in inference and the results would thereby be intrinsically suspect. In the empirical analysis that follows, we do not need to rely on parametric restrictions for identification purposes.
It is noteworthy to remark that while in the duration literature the hazard function is usually assumed to have a mixed proportional hazard (MPH) form, where the structural hazard function factors into separate functions of duration and covariates, here we do need it for identification and we will not impose it in the empirical specification. In this framework a MPH model would imply the strong restriction that covariates have the same impact on the baseline wage hazard function across all the wage support. As in Donald et al. (2000) , we will allow the covariate effect to be different over the wage support, at different percentiles of the unconditional wage distribution. Moreover, assumption A2 does not require a particular mixing distribution 9 and the independence assumption between G and x t is not needed for identification.
10

Model Specification and Likelihood Function
An ideal way to avoid any kind of parametric assumption on the functional form of h t would be to fully non-parametrically estimate it by using kernel-density estimation for each possible combination of covariate values. However, as soon as the number of covariates 9 Note also that the structural wage hazard function h t is not required to be the same over time and is in principle allowed to take a completely different shape when t changes. In the empirical application we are however going to put some restrictions on the way in which h t varies over time for the sake of reducing the dimensionality of the problem: h t will be allowed to change over time by the introduction of a time dummy among the set of regressors x t .
10 As pointed out by Honoré (1993) , identification is attained even in the case in which the distribution of v depends on x t . increase or a continuous covariate is introduced, the cell-sizes become too small to do useful inference. So we are going to put some parametric restrictions on h t in order to have a tractable but still flexible conditional density estimator. Following Donald et al. (2000) and Gritz and MaCurdy (1992) , we partition the range of W into P intervals and we allow the covariate effects to vary over these intervals. The variation is with respect to a baseline wage hazard function h 0 (w t ) that, in order to avoid too strict parametric assumptions, is assumed to be piecewise constant. Formally, denote Ω p = [w p L , w p H ) the pth wage interval over which the covariate effect is assumed to be constant (i.e. proportional to the baseline wage hazard function), such that Ω p ∩ Ω q = 0 for all p = q and
The structural hazard function is specified as follows
where 1(·) is the indicator function.
As said, h 0 (w t ) is the piecewise constant baseline wage hazard function. More in details we divided the wage support into J intervals I j = [w j−1 , w j ), where j = 1, . . . , J, w 0 < w 1 < . . . < w J , w 0 = 0, and w J = ∞. We choose the width of the wage baseline segments by fixing w J−1 to the 99 th percentile of the unconditional wage distribution and by dividing the wage support between w 0 and w J−1 in 70 equally spaced intervals. Our choice of the number of the baseline segments is somewhat arbitrary but it allows us to have a narrow segment width 11 and therefore suitable for flexibly approximating all possible density functions. This reduces the model selection problem to the choice of P (and, as we will see, to the number of points of support of the discrete distribution of the unobserved heterogeneity). In order to reduce the risk of over-fitting bias and to have a reasonable trade-off between model parsimony and fit to the data at hand, we choose P by looking at the Akaike Information Criterion (AIC). In turned out that P = 8 for men and P = 10 for women is the number of covariates segments with dividing points approximatively at the [100 1 P , 100 2 P , . . . , 100
] percentiles of the unconditional wage distribution. To construct the contribution to the likelihood function of the wage w t that lies in the baseline segment [w j−1 , w j ), note that the probability of observing a wage in such a segment is
The segment width is around 0.27e for both men and women.
6 where Θ w is the set of parameters to be estimated and
is the wage survivor function, i.e. the probability of observing a wage at least as large as the upper limit of the j th segment. Since the wage hazard function is piecewise constant and the covariate effect does not change within the baseline segments, 12 the survivor function reduces to S(w t |x t , v) ≡ j s=0 exp[−θ(w s |x t , v)], s ∈ N 0 . Thereby, the difference in survivor functions in (4) is the contribution to the likelihood function of wages lying on the piecewise constant baseline segment [w j−1 , w j ). If the wage value is top-coded, i.e. if it is larger than the 99 th percentile of the wage distribution, it is treated as a right censored observation. The corresponding contribution to the likelihood function is the probability that the wage is larger than the 99 th percentile, i.e.
However, if we are interested in comparing wages of women to those of men, we have so far faced only a part of the story. Since the selection process into the work force is likely to be structurally different for women compared to men, it has to be taken into account when evaluating compositional issues otherwise preventing us from understanding the genuine nature of the gender wage gap. In other words, there are reasons to believe that the probability of being employed is related to the likelihood of being paid a certain wage. Assume for instance that women who decide not to participate are those who would get the lowest earnings from work and that such a relation is ignored. Then the observed gender wage gap across the distribution would be underestimated compared to the case of men and women having the same propensity to be at work.
Correcting for nonrandom sampling has been central to empirical studies in labour economics since the seminal work of Gronau (1974) and Heckman (1974) . Parametric and semi/non-parametric methods have been proposed in the selection bias literature.
13 By way of a semi-parametric approach, we correct now the likelihood function for the participation probability.
Let us define y it the scalar indicator variable denoting individual i's employment status at time t and z it the set of explanatory variables explaining participation. The probability model for work participation is empirically specified using a discrete mixture logit model:
where ε i is unobserved heterogeneity and u it is the idiosyncratic error term which is assumed 12 Note however that they are allowed to vary across baseline segments. 13 See, e.g., Vella (1998) for a survey on methods to estimate models with sample selection bias. 7 to have a logistic distribution, denoted by Λ.
The contribution to the likelihood function of individual i will therefore be given by
As a matter of fact, we cannot use directly this density to estimate Θ because v i and ε i are not observed. For each individual i, the likelihood contribution L i is obtained by integrating out the unobserved heterogeneity under the components:
The log-likelihood function sums the logarithm of this expression over all the individuals (employed and nonemployed) in the sample.
14 In order to avoid too strict parametric assumptions on the joint distribution of v and ε, it is approximated by means of a bivariate discrete distribution (Heckman and Singer, 1984) with a fixed number of support points, which have unknown locations and probability masses. We assume that (v, ε) has four probability points. The corresponding probability masses are defined as follows:
In this case, four points of support and three probability masses are to be estimated. The probabilities associated to the mass points are specified as logistic transforms:
with λ 4 = 0.
Note that v and ε are independent if and only if p 1 p 4 = p 2 p 3 (see Van den Berg et al., 1994; Van den Berg and Lindeboom, 1998) , making it easy to test for sample selection.
Marginal Densities and Decomposition of Distribution Functions
In the application below, we start by estimating a simpler model that does not take into account sample selection. By doing so, we can compare our decomposition technique to a standard MM decomposition and we can see what the empirical findings would have been if sample selection had not been taken into account. Subsequently, we estimate the model with sample selection as described above. Therefore, in this subsection, we present two simulation algorithms: the first one to derive the marginal densities implied by the conditional model that omits sample selection; the second one that controls for sample selection.
Marginal and Counterfactual Densities without Sample Selection
Once the male and female hazard functions that fully characterize the conditional wage densities are estimated ignoring sample selection, we generate the corresponding marginal densities by means of the following simulation algorithm, which is run once for men and once for women:
1. Draw a vector of parameter estimates assuming normality around the point estimates Θ with a variance-covariance matrix equal to the estimated one.
2. Generate N individuals by drawing N times a vector x of covariates from the empirical distribution of covariates. 3. For each baseline wage interval [w j−1 , w j ) with j = 1, . . . , 70, we compute the predicted conditional probability of getting a wage within that interval from the following theoretical conditional probability:
For i = 1, . . . , N and for j = 1, . . . , J we draw κ ij from a standard uniform distribution. Starting from j = 1, if the predicted probability 1 − exp[− θ(w 1 |x it )] > κ i1 , individual i is assigned a random wage in [w 0 , w 1 ). If not, repeat the lottery for the next wage baseline segment, i.e. for j = 2. The lottery for individual i is stopped when inequality 1 − exp[− θ(w j |x it )] > κ ij is satisfied. With marginal densities in hands for men and women, the basic idea of the decomposition of the gender pay gap is based on recovering the counterfactual density that would have prevailed if female employees had the same distribution of characteristics as male employees, that is
where the subscripts F and M stand for female and male, respectively. The counterfactual marginal density in (8) is obtained by repeating the simulation algorithm for women with step 2 revised so that the covariate vectors are drawn from the empirical covariate distribution of male employees. The basic idea of the procedure is an alternative way of extending Oaxaca's (1973) decomposition of effects on mean wages to the entire wage distribution and is in line with the underlying idea of Machado and Mata (2005) . In the next subsection, we explain how, as in Albrecht et al. (2009) , we incorporated sample selection due to work participation in the gender pay gap decomposition.
Marginal and Counterfactual Densities with Sample Selection
Let A denote all women (men) and B the women (men) who actually work.
17 Define W A the counterfactual random variable indicating the wage that a woman would earn if she worked. The conditional wage density is characterized by a parameter vector
The problem is that W A is not observed for individuals who do not work. We can only observe the realization of the random variable W B , which represents the wage earned by those women who actually work. By way of the sample selection correction presented in Subsection 2.2, we recover the true shape of the wage distribution on the basis of a "re-weighted" density for those that in the data are employed, i.e.
where the weights are the probabilities of being at work, Y B is the participation indicator, and v B and ε B are allowed to be correlated.
The extension of the previous algorithm to generate marginal densities in the presence of sample selection proceeds as follows:
1. Draw a vector of parameter estimates assuming normality around the point estimates Θ A with a variance-covariance matrix equal to the estimated one.
2. Generate N individuals by drawing N times: i) a vector x A of covariates from the empirical distribution of covariates among all women (men); 18 ii) unobserved characteristics from the estimated distribution of unobserved heterogeneity G.
3. Per each baseline wage interval [w j−1 , w j ) with j = 1, . . . , 70, we compute the predicted conditional probability of getting a wage within that interval from the following theoretical conditional probability:
17 The notation in this subsection is inspired by the one in Albrecht et al. (2009) . 18 Work specific covariates are drawn from the empirical distribution conditional on work participation.
For i = 1, . . . , N and for j = 1, . . . , J we draw κ ij from a standard uniform distribution. Starting from j = 1, if the predicted probability
If not, repeat the lottery for the next wage baseline segment. The lottery for individual i is stopped when inequality
4. Repeat steps 1 to 3 R = 999 times.
This procedure simulates (wo)men's wage densities that would have prevailed if all (wo)men had been at work. This is done by taking into account that the distribution of individual characteristics across all the population is not the same as the one across people at work.
As in Subsection 2.3.1, the counterfactual female wage density that we would expect if women had the same distribution of characteristics as men, i.e.
is obtained by repeating the above simulation algorithm for women with step 2 revised so that the covariate vectors are drawn from the empirical covariate distribution of all men.
3 Application: Gender Wage Gap in Italy
Data
Our data are from the EU-SILC panel. It is a rotating panel survey based on harmonised methodology and definitions across most members of the European Union. 19 The topics covered by the survey are living conditions, income, social exclusion, housing, work, demography, and education. We select data for Italy, where the survey is conducted on a yearly basis by the National Institute of Statistics (ISTAT) under the coordination of Eurostat. The longitudinal EU-SILC data comprise a number of individual records that range from 31,000 to about 43,000 per year over the time window 2004-2006. Since information on earnings is retrospectively collected (information on income at time t is collected at time t + 1), we lose one time period (2006) . In order to avoid to get mixed up with early retirement and education enrolment issues, we exclude from our analysis individuals under the age of 25 years and over the age of 55 years. We also drop individuals that are in army, self-employed, inactive, or with missing values for some variables used in the econometric analysis. Finally, individuals lying in the first or last percentiles of the wage or working hours distributions are excluded from the sample. Considering both the non-employed and the employed, we are left with 10,841 female observations and 8,699
19 See Eurostat (2004) for further and technical details about the EU-SILC data. male observations over the period [2004] [2005] . The total number of wage observations is 7,612(5,910) for (wo)men.
Almost all active men, 87.5%, are at work, whilst 54.5% of the active women are employed. The definitions of employment and non-employment do not match the ILO definition. In the EU-SILC questionnaire, the respondents are indeed asked to self-define the main economic status in the current year.
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The dependent variable is the net hourly wage in the respondent's main job, deflated to 2004 prices. The deflator is the Consumer Price Index (CPI), gathered by ISTAT.
21 Table  1 reports summary statistics of the net hourly wage disaggregated by gender in 2004 and 2005. Men are paid per hour and on average more than women, e9.4 against e9. Figure 1 plots the kernel estimate of the wage density for men and women. It shows that the hourly wage distribution is positively skewed both for men and women. By contrasting the male and female kernel density estimates, we get a visual inspection of the gender pay gap, which does not seem to be constant over the wage distribution: it is well perceived at the bottom and in the middle of the wage support, but it disappears at the top of the distribution. Table  2 sheds further light on this raw evidence: the raw gender pay gap goes from almost 10% at the bottom of the distribution to 5% at the median and to zero at the 95 th percentile of the wage distribution. Table 3 reports summary statistics of the variables used in the econometric analysis computed on the subsample of the employed and disaggregated by year. Table 4 displays instead descriptive statistics over the total population in our sample.
We distinguish between three age groups: young workers (25-35 years old), middle aged workers (35-45 years old), and older workers (45-55 years old). In the empirical analysis below, we do not include among the covariates any measure of experience. In a first stage, 20 The question PL030 is the variable containing information on the self-defined economic status. People are asked whether they are working, unemployed, students, in retirement, disabled, in military service, or fulfilling domestic task. 21 The net hourly wage is computed starting from the employees' yearly net cash income, variable PY010N, and using the number of months at work, obtained from variables PL210A-PL210L, and the number of hours usually worked per week, PL060. Considering that on average there are 4.345 weeks in a month, the hourly wage is therefore computed as follows: w = PY010N/(# of months at work × PL060 × 4.345). The raw wage gap is measured as the difference between the log male hourly wage and the log female hourly wage.
we did include in the model specification real experience and/or potential experience, but they turned out to be very correlated with age and they did not generate any improvement in terms of likelihood. They were thereby removed from the set of covariates. (a) Educational dummy indicators refer to the highest and successfully completed educational attainment of a person. The educational classification used to build these indicators is the ISCED-97. (b) "Bad health" is a dummy indicator based on self-perceived health. It is equal to one if the individual declares that her health is in a fair, rather bad, or bad conditions. It is equal to zero, if the answer is either good or rather good condition. (c) "City" is a dummy indicator equal to one if the individual lives in a densely populated area, i.e. an area with a density superior to 500 inhabitants per square kilometre and a total population larger than 50,000 inhabitants. (d) These occupational indicators are built on the basis of the International Standard Classification of Occupation (ISCO 88). Taking the one-digit ISCO categories, the white-collar high skilled indicator corresponds to categories 1 up to 3; the white-collar low skilled indicator corresponds to categories 4 and 5; the blue-collar high skilled indicator corresponds to categories 6 and 7; the blue-collar low skilled indicator corresponds to categories 8 and 9.
Educational variables are defined according to UNESCO's International Standard Classification of Education (ISCED). The EU-SILC distinguishes between education completed to the lower secondary stage (ISCED 0-2), upper secondary education(ISCED 3), and postsecondary or tertiary education (ISCED 5-7). In our sample working women are more educated than men, and this tendency is even stronger in 2005, when 27% of working women had at least a post secondary education attainment against 17% of working men. The discrepancy almost disappears on the full sample of employed and non-employed individuals: 18% of women has at least a post secondary education attainment against 16% of men. This shows that women with low education attainment have a lower propensity to be at work than their male counterpart. (d) .040 .361 .301 .459 White-collar high-skilled worker (d) .303 .460 .435 .496 White-collar low-skilled worker (d) .217 .412 .339 .473 Blue-collar high-skilled worker (d) .237 .425 .068 .252 Blue-collar low-skilled worker (d) . Three dummy variables for the geographical area of residence (North, Centre, and South) are included in the model specification. Around one half of the sample lives in the North of Italy and the rest is equally distributed in the Centre and South. A dummy indicator accounting for self-perceived health tries to capture the effect of health status (even if subjective or perceived) on wages and propensity to work. Indicators for marital status and living in a densely populated area are included in the model, as likely to affect earnings and job opportunities.
Finally, a set of covariates are used to capture job heterogeneity. We included dummy indicators for part-time and temporary jobs. Women are more frequently employed in these jobs than men. Using the International Standard Classification of Occupations (ISCO-88), we built a set of binary indicators aimed at capturing task heterogeneity. 22 Taking the onedigit ISCO categories, the white-collar high skilled indicator corresponds to categories 1 up to 3; the white-collar low skilled indicator corresponds to categories 4 and 5; the blue-collar high skilled indicator corresponds to categories 6 and 7; the blue-collar low skilled indicator corresponds to categories 8 and 9. Women are more likely to be white collar workers. Only 23% of the women at work are blue collar workers, whereas 48% of male employees are blue collar workers.
Estimation Results
This subsection reports and comments on the impact of the regressors on the male and female wage hazard functions and, thereby, on the wage distribution functions. As mentioned in Subsection 2.2, the impact of covariates on the shape of the wage density functions is flexibly modelled, so that it can be different over the wage support. In other words, analogously to QR, the covariates can have different effects at different percentiles of the wage distribution. Hence, Tables 5 and 6 report the effects of the covariates at selected percentiles for men and women, respectively.
Three points are worthy being remarked before moving through the estimation results. First, Tables 5 and 6 display selection-corrected estimation results. 23 The Log-likelihood Ratio (LR) tests reported at the end of these tables indicate that the null hypothesis of no sample selection can be rejected quite confidently, especially for women. Second, the estimated coefficients inform us about the covariate impact on the wage hazard rate: individual characteristics that have a negative effect on the wage hazard rate reduce the probability of getting a low wage. Individuals holding these characteristics are therefore more likely to get a higher wage with respect to the reference group. Third, a LR test for constant covariates coefficients over the wage support largely rejects the null hypothesis both for men and women: a standard proportional hazard specification like in Behr and Pötter (2009) would have been too restrictive.
Education plays a significant role in explaining the male and female wage distributions and, as expected, higher education attainments are associated with higher wages. This is especially true at the 25 th percentile of the wage distribution, both for men and women. The relevance of education decreases at the top of the wage distributions, especially for men. Getting older increases the probability of getting high wages. This emphasizes a disadvantage for younger men and women to be located at the top of the wage distribution. However, work experience is likely to play a role in partly explaining the age effect. As mentioned in Section 3.1, we do not include work experience among the covariates: since work experience is strongly correlated with age, we were not able to improve in terms of the likelihood by including it among the set of regressors. If follows that the decomposition results presented in the next subsection are not sensitive to the exclusion of work experience from the model specification.
Moving on to task heterogeneity, we note that high skilled and white collar occupations are associated with higher wages, both for men and women. In term of significance, these skill-level indicators seem to be more relevant for men than for women. For women, tasks heterogeneity appears to lose any explanatory power at the top of the wage distribution and the standard errors associated to the task indicators tend to explode, especially if compared to the male counterpart. This is likely due to a different composition of the female work force at the top jobs, which is relatively more homogeneous and richer in high skilled and white collar workers than the male work force. χ 2 (1)=12.3, p-value=.000 LR test against PH assumption, H 0 : β p = β χ 2 (135)=859.6, p-value=.000 Notes: * Significant at the 10% level; ** significant at the 5% level; *** significant at the 1% level.
We find geographical differentials in the distribution of wages, characterized by relevant pay disadvantages in the Centre and especially in the South of Italy. The geographical differentials represent a structural feature of the Italian labour market. This is also reflected in other economic indicators, for instance, the sizeable geographical gaps in employment rates.
24 Nevertheless, the geographical pay gaps seem to disappear at the top of the wage distribution, both for men and women. The top jobs are equally paid across the country and this might reflect a different composition of the work force across areas with respect to public/private employment. However, this information is not in the data and this issue cannot be investigated further.
With regard to the remaining covariates, subjective (or perceived) health status, indicators for marital status, and living in a densely populated area do not affect so much earnings.
Being employed with a temporary contract is associated with low wages at the bottom (for men and women) and the middle (for men) of the wage distribution. Part-time jobs seem to be better paid on hourly basis, especially for men. This is likely to be due to the fact that men are more willing than women to get a part-time job only when it can ensure a satisfactory level of income. Finally, the reference year of our estimates is 2005 and a time indicator for 2004 is instead included in the model specification. This indicator variable has always a small and insignificant impact on the wage hazard rate, both for men and women. It suggests that the shape of the wage distributions did not change significantly between 2004 and 2005. In general, the estimation results emphasize the relevance of education, age, and geographical partition of residence to explain the shape of male and female wage distributions. These characteristics, together with the gender gap, are classified by the literature as key dimensions of heterogeneity of the Italian labour market.
25 .
Decomposition of the Gender Wage Gap
We present now the decomposition of the gender pay gap, so as to account for gender differences in labour market characteristics and work force attachment. We proceed in two steps. First, we look at the estimated gender wage gap decomposition without correction for selectivity. At this stage, the marginal and counterfactual densities are recovered by following the simulation algorithm described in Subsection 2.3.1; we also compare the empirical findings from our HF based decomposition to those that would have been obtained from a standard MM decomposition based on QR. Second, we look at the decomposition with selection correction, by way of the simulation algorithm described in Subsection 2.3.2. This permits to assess whether and how the gender wage gap, given the same distribution of labour market characteristics, changes after taking into account selection into the work force. Figure 2 reports the decomposition at the first step. Figure 3 displays the decomposition at the second step, i.e. with selection correction. The central lines of Figure 2 plot the total wage gaps after recovering the marginal densities from the corresponding estimated conditional wage distributions. The dotted line is the outcome of a QR based procedure, whilst the solid one is the outcome of an HF based approach. The total wage gap is computed by taking the difference between the log male wage and the log female wage at each percentile of the corresponding estimated marginal distribution. The two lines are very close to each other and they overlap for most of the wage support. The lines at the top of Figure 2 plot instead the wage gap after that gender differences in observed characteristics are taken into account. They show the gender wage gap that would have prevailed if women had had the same distribution of observed characteristics as men, but still paid as women.
Three points are worthy being noted. First, the two techniques for decomposing wage gaps display very similar results and it would not matter so much whether the MM decomposition after QR or the HF based decomposition were used. Second, the pay gap, once gender differences in the distribution of labour market characteristics are taken into account, becomes larger across all the wage distribution. As it can be seen in Table 7 , men are paid 15.7% more than women at the median of the distribution and 17.3%(18%) at the top(bottom) of the distribution. 26 Third, it follows that if women had had the same returns as men but their own distribution of observed characteristics, they would have received higher wages across all the wage distribution, especially at the top (see the lines at the bottom of Figure 2 ). We next investigate the effect of sample selection into the work force on the estimated wage distributions, on the counterfactual distributions, and, thereby, on the gender wage gaps. Figure 3 depicts the total wage gap (lower curve) and the gap if men and women had the same distribution of observed characteristics (upper curve). Once we take into account sample selection, the total wage gap becomes wider across all the distribution. There is evidence therefore that women are overall and strongly more positively selected into the work force than men: women that stay out of employment are those that would have got the lowest returns from the market work with an higher probability than that of men.
The upper curve of Figure 3 shows that, even if men and women had identical distributions of characteristics and after taking into account selection into the work force, the gender pay gap persists and is even wider. The last three columns of Table 7 report the point estimates and confidence intervals of the gender pay gap at selected percentiles of the wage distribution. The pay gap is always significantly different from zero and is characterized by a U-shape. It has maximum at the 5 th percentile, where men's wages are 25.6% higher than women's. Then, it decreases and at the 25 th percentile it is equal to 19%. Thereafter, it monotonically increases and, at the 95 th percentile, it is equal to 24.5%. The U-shape of the gender wage gap suggests that in Italy there are both sticky floors and glass ceilings. The glass ceiling and, especially, sticky floor phenomena become more evident once sample selection is taken into account. Table 8 contrasts measures of sticky floors and glass ceilings, computed from the ratios between the gender gaps at different percentiles, with and without sample selection correction. The gender gap at the 5 th percentile is 1.14 larger than the one at the median when sample selection is not taken into account. (d) 1.042 1.065 (a) The sticky floor is measured as the ratio between the 5 th percentile wage gap and the 50 th percentile wage gap. (b) The sticky floor is measured as the ratio between the 5 th percentile wage gap and the 25 th percentile wage gap. (c) The glass ceiling is measured as the ratio between the 95 th percentile wage gap and the 50 th percentile wage gap. (d) The glass ceiling is measured as the ratio between the 95 th percentile wage gap and the 75 th percentile wage gap.
This figure becomes 1.35 when sample selection is controlled for. Such evidence suggests the existence of obstacles for women in particular at the bottom of the wage distribution.
Goodness-of-Fit
Given the mixture of parametric and non-parametric assumptions we impose to estimate conditional wage distributions, it might be important to assess the ability of the model in providing quantitative predictions of the statistics of primary interest. We therefore check the goodness-of-fit of the model by contrasting empirical aspects of the data with those predicted by model simulations. The simulation algorithm is described in Appendix A-2. We focus on three aspects: work participation, male and female marginal wage distributions, and the gender wage gap over these distributions. Table 9 displays, by gender, actual and simulated work participation rates and selected percentiles of the marginal wage distribution. Figure 4 focuses instead on the actual and predicted raw gender wage gap over the wage distribution. The goodness-of-fit can easily be checked by verifying whether the empirical statistics lie within the confidence intervals of the simulated ones.
Work participation is perfectly predicted by our models, both for men and women. The model fits also very well the empirical percentiles of the wage distributions. For women, the model tends to slightly underpredict high percentiles of the wage distribution. However, the size of the misalignment is small and the ability of the model to predict female wage distribution is nonetheless very good. The ability of the model in replicating the data is confirmed by Figure 4 , which shows that the empirical wage gap over the wage distribution always lies within the 95% confidence interval of the simulated one and is furthermore very close to the point predictions.
Conclusions
A sizeable gender gap in employment rates is observed in many countries. Non-random sample selection into the workforce might be a potentially important issue when evaluating gender wage gaps. This is especially true if those women that stay out of employment are the ones who would get the lowest returns from work. If so, we would underestimate the gender wage gap compared to the case in which women and men had the same propensity to be at work.
On the basis of these considerations, this paper is aimed at offering and implementing a flexible estimator of distribution functions in the presence of covariates and sample selection. We have operated within the HF framework proposed by Donald et al. (2000) and improved upon them, in that we incorporate in the model sample selection. We have described a simulation algorithm to decompose the gender pay gap across the wage distribution into the effect due to different distributions of individual characteristics and to different returns on those characteristics, once gender differences in work force selection are taken into account.
Our approach has been illustrated by investigating the gender wage gap in Italy, a country persistently characterized by a large gender gap in terms of work participation. The empirical analysis, based on 2004-2005 EU-SILC panel data, shows that women are paid less than men. Not controlling for sample selection yields gender wage gaps across the wage distributions that are in line with those recently found for Italy, e.g. Arulampalam et al. (2007) and Gannon et al. (2007) .
We find that gender wage gap widens when we control for non-random sample selection into the work force, even if the distribution of observed characteristics is the same across genders. There is therefore evidence that women are more strongly and positively selected into the work force than men: women that stay out of employment are those that would have got the lowest returns from the labour market with an higher probability than that of comparable men. It is also found that, when we control for sample selection, the gender wage gap becomes wider at the top, where it jumps from 17.3% to 24.5%, and especially at the bottom of the wage distribution, where it moves from 17.9% to 25.6%. We now speculate on the possible explanations that can be drawn from the fact that in Italy the sticky floor phenomenon becomes more evident when sample selection is taken into account. This is consistent with explanations based on the interaction between work and family. Italy has a relatively not well developed system of work/family reconciliation policies, 27 characterized by short maternity leave, poorly paid optional parental leave, and limited part-time jobs opportunities (Del Boca, 2002; Del Boca et al., 2005; Del Boca and Pasqua, 2005) . This institutional setting makes Italian women less attached to the labour market and more likely to commit to family than to career than comparable men, especially at the bottom of the wage distribution where financial constraints are more likely to be binding. This also suggests that family-friendly policies might increase the female attachment to the work force, especially at the bottom of the wage distribution.
Note that similar reasoning might also explain why the gender pay gap widens, even if less evidently, also at the top of the distribution. It might be that the absence of a structured child care makes Italian women at the top jobs more oriented towards less demanding jobs than the male counterpart.
Other factors might however explain our findings. There could be, for instance, sociological barrier for women to be at work, like social norms according to which man's career has the priority. Then, only those women with relatively high wage characteristics might be able to overtake the threshold imposed by the social norm and enter the work force, whilst those that have relatively low wage characteristics remain out of the work force. men and women, the excess kurtosis is very close to 2, about the same peakedness as the hyperbolic secant distribution. Figure A-1 plots the marginal wage distributions described so far. Here, we can see a clear wage gap across the distribution, apart from the top. The gap between the wage distribution for men and women, indeed, becomes narrow from the 90 th percentile onwards.
Finally, Table A -2 reports the estimation results of the discrete mixture logit model for the probability of being employed. The results are in line with the expectations. The probability of being employed is increasing with the education attainment and is lower in the Centre and especially in the South of Italy. Family structure and married status have opposite effects on work participation between men and women: married (wo)men have a (lower)higher probability of being employed and work participation is increasing in the number of children for men and decreasing in the number of children for women. The number of household members reduces the employment probability both for men and women. Men living in a highly urbanized area are less likely to work, whereas whether or not a woman lives in an urbanized area has little impact on the propensity to be at work. It is interesting to note that young men are less likely to be employed than old men, whilst young women are more likely to be at work than old women.
A-2 The Simulation with regard to the Goodness-of-Fit
Predictions are computed by implementing the following simulation algorithm for men and women:
1. Draw a vector of parameter estimates assuming normality around the point estimates Θ with a variance-covariance matrix equal to the estimated one. 3. Simulate work participation by a lottery based on the predicted probability of work participation. More in details, for i = 1, . . . , N we draw η i from a standard uniform distribution. If Λ(z it δ F + ε i ) > η i , individual i participates. Otherwise, she does not participate and her simulation is halted.
4. Simulate the wage distribution over the subsample of participating individuals. For each baseline wage interval [w j−1 , w j ) with j = 1, . . . , 70, we compute the predicted conditional probability of getting a wage within that interval from the following theoretical conditional probability: Pr(w j−1 ≤ W t < w j |W t ≥ w j−1 , x it , v i ) = 1 − exp[−θ(w j |x it , v i )].
For i = 1, . . . , N and for j = 1, . . . , J we draw κ ij from a standard uniform distribution. Starting from j = 1, if the predicted probability 1 − exp[− θ(w 1 |x it , v i )] > κ i1 , individual i is assigned a random wage in [w 0 , w 1 ). If not, repeat the lottery for the next wage baseline segment. The lottery for individual i is stopped when the inequality is satisfied.
5. Repeat steps 1 to 4 R = 999 times.
